between wear and distribution, but did not assess the direct relation to wear, and did not consider a design with guaranteed 45 diagnostic performance, both of which are essential to achieve reliable estimation and prognosis for wear. A salient feature 46 of the suggested methodology is the ability to estimate both wear and the wear rate.
The remainder of the paper is organized as follows. Section 2 introduces the relevant modeling for WT and the drivetrain. 48 Different fault scenarios and their classifications are discussed in Section 3. Section 4 derives the extension to the well 49 known GLR test that makes it possible to estimate the degree of wear in the bearing, and Section 5 presents and discusses 50 the results. Finally, conclusions are drawn in Section 6. 51 
WIND TURBINE AND DRIVETRAIN MODELS
A 5 MW reference gearbox [27] mounted on the floating OC3 Hywind spar structure [28, 29] was used in this study. This 52 WT is a 3-bladed upwind WT with characteristic features shown in Table I . The spar-floating structure is column shaped 53 and connected by mooring lines to the seabed. The spar structures have a large draft and a small waterline area. The details 54 of the spar structure used in this paper were described by Nejad et al. [30] . 55 Table I. Wind turbine specifications [28, 29] .
Parameter
Value Type
Upwind/3 blades Cut-in, rated and cut-out wind speed (m/s) 3, 11.4, 25 Hub height (m) 87.6 Rotor diameter (m) 126 Hub diameter (m) 3 Rotor mass (×1,000 kg) 110 Nacelle mass (×1,000 kg) 240 Hub mass (×1,000 kg) 56.8
The 5 MW reference gearbox used in this study was developed by Nejad et al. [27] for offshore WTs. The gearbox 56 consists of three stages: two planetary and one parallel stage gears. Table II shows the general specifications of this 57 gearbox. Figure 1 shows the gearbox and drivetrain layout. The gearbox topology is shown in Figure 2 . The gearbox 58 was designed with a 4-point support with two main bearings to reduce non-torque loads entering the gearbox.
59 Figure 1 . 5-MW reference gearbox layout [27] .
In mutli-body simulation (MBS) model of this gearbox, the motions are applied on the bed plate and the external loads 
METHODOLOGY

De-coupled Approach & Environmental Condition
62
A decoupled approach was employed in this study for dynamic response analysis of the drivetrain. First, the forces and 63 moments on the main shaft are obtained from the global response analysis. Second, they are used as inputs to a detailed 64 gearbox MBS model in which simulations with a higher fidelity model and smaller time steps are performed.
65
The global analysis was conducted using an aero-hydro-servo-elastic code, SIMO-RIFLEX-AeroDyn [31] . Simulations 66 were carried out at the rated wind speed with wave conditions characterized by a significant wave height HS = 5 m and a 67 peak period TP = 12 s (modeled by a JONSWAP spectrum). The turbulence intensity factor of the wind speed was taken to 68 be 0.15 according to IEC 61400-1 [32] . The long-term environmental data used in this study were generated by a numerical 69 hindcast model at the National and Kapodistrian University of Athens (NKUA) [33] . To minimize statistical uncertainties, 70 six 3,800 s simulations were performed for all cases studied. The first 200 s of data were removed during post-processing 71 to eliminate the transient effects associated with start-up.
72
In the MBS analysis, the bearings were modeled as force elements and obey force-deflection relations. The gears were 73 modeled with compliance at the tooth and incorporate detailed tooth properties [27] . Earlier works on WT gearboxes based 74 on the decoupled method include [34] [35] [36] . [30, 37] . As this bearing undergoes degradation and wear, additional non-torque loads are transmitted to the gearbox 79 and reduce the life of other components, particularly other bearings inside the gearbox. As highlighted in [20] , most of the 80 gearbox failures in WTs originate in the bearings. It is, therefore, important to monitor and evaluate the condition of this 81 main bearing during operation.
82
In this study, the bearing was considered as one element whose lifetime can be modeled by the Lundberg-Palmgren 83 equation [38] , as specified by ISO 281 [39] . The life of roller bearings is limited to the fatigue life of the material from 84 which they are made and is governed by the lubricant used. Extensive tests carried out by Lundberg and Palmgren in 85 the SKF bearing manufacturing company in Sweden revealed that bearing life can be estimated directly from the applied 86 loads [38] . Today, the Lundberg-Palmgren equations still form the basis of bearing selection and design and have been 87 incorporated into the ISO 281 standard.
88
From the Lundberg-Palmgren hypothesis, the bearing life is expressed as follows [38] [39] [40] :
in which L is the bearing basic life defined as the number of cycles that 90% of an identical group of bearings achieve 90 under certain test conditions before fatigue damage appears, and C is the basic load rating that is constant for a given 91 bearing. The parameter a = 3 for a ball bearing, and a = 10 3 for roller bearings. The variable P is the dynamic equivalent 92 radial load calculated as follows:
where Fa and Fr are the axial and radial loads on the bearing, respectively, and X and Y are constant factors obtained 94 from the bearing manufacturer [39] .
95
Equation (1) is a form of an SN curve formulation, which is used to estimate the fatigue damage on a bearing 96 [30, 37, 41, 42] .
97
The roller bearing contact is often modeled using the Hertzian contact theory [43] . In most bearing models, it is assumed 98 that the bearings operate at moderate speeds, meaning that the effects of centrifugal, gyroscopic and frictional forces may 99 be neglected and that the force on the rollers is expressed in the form of a load-deflection relationship [44] [45] [46] . This 100 force is a function of the rollers material and hardness, the geometry and the applied load. If q represents the relative 101 bearing deflection between the inner and outer races and F the applied forces and moments, the bearing stiffness matrix 102 in nonlinear form may be expressed as follows [45] :
A finite element method to calculate bearing stiffness was developed by [45] . Analytical methods for bearing stiffness 104 calculation have also been published by Houpert [44] . New bearings often have relatively large stiffness values, in the order 105 of 10 8 , and as the bearing wears and the surface hardness decreases, the contact zone increases, and the bearing stiffness 106 decreases. Such decreases were observed in the experimental studies conducted by Qiu et al. [25] .
107
This properties of a bearing provide a practical method for testing the damage detection methods using MBS models. Table III ). The jump in r.m.s observed for FC5 is due to a side band mesh 128 frequency resonance at this fault case. carrier bearings in the first stage that carry the axial load. Based on the vulnerability map described by Nejad et al. [27, 37] , 136 the PLC-B is selected for the life study. 
129
where the GLR test statistic, g(k), and the univariate t-distribution are presented in equations (6) and (7), respectively:
Furthermore, when an accurate estimation of the change time is not necessary, a cheaper approach from a computational 181 point of view is possible by considering M as a fixed-size moving window consisting of last M samples. In this practical 182 approach, the hypotheses change to equation (8), and the test statistics change from equations (6) to (9):
We note that if a change is detected by equation (9), at ka, where the subindex a stands for the alarm time, the only 184 information about the change time, k0, is that it lies over the interval of ka − M + 1 ≤ k0 ≤ ka, which is acceptable 185 in many industrial applications. However, it is also possible to estimate the change time, k0, more accurately using the 186 same approach as in equation (6) Mean Variance Skewness Excess kurtosis
Accordingly,σ1 and ,ν1 may be estimated using equations (10) and (11) 
High order statistical moments are highly sensitive, as they are based on the tails of the distribution, where only a small 199 percentage of the data carry useful information for high order moments. Consequently, a large window size is needed to 200 determine a robust estimation. 
GLR test with maximum likelihood estimator 202
Maximum likelihood estimates of the two parameters, σ1 and ν1 are found by equating
to zero. The G(σ1, ν1) function, which is defined by equation (9), can be rewritten as:
The derivative with respect to σ is:
Similarly, the derivative with respect to ν is: 
where ψ(x) is the digamma function, which is the derivative of the gamma function:
When x is real and positive, which is the case here, the digamma function can be represented as:
(lowest power), shown in Figure 3 , is 0.08 (m/s 2 ) or 4000 times higher. Therefore, sensor noise is not relevant. Figure 3 237 depicts the relative acceleration time series and histogram for the FC0 (fault-free, red), FC1 (green) and FC4 (blue) levels. The cumulative distributions of the data are plotted using a normal probability plot in Figure 4 . A closer look at the fault 239 cases distributions reveals heavier tails than for the normal distribution. Therefore, various distributions with the capability 240 to capture both sides of the heavy-tailed data are considered to find the best fitting distribution. Visually, the t-distribution 241 is the best fit. However, its goodness-of-fit (GoF) must be checked. There are several GoF tests to check the goodness of 242 the estimated distributions. In the presence of nuisance parameters, the tests are usually constructed by first estimating 243 these nuisance parameters from the data and then conducting a GoF test. Estimating the nuisance parameters and running theory (distribution model), whereas the Chi-square test might lack the required evidence for rejection [53] . Moreover, the Chi-square test statistic is sensitive to the bin width. A smaller bin width increases the noise effect, and a larger bin 253 width causes a loss of information since the data are replaced by the median of the bins during the calculation of the test 254 statistics, and unfortunately, there is no analytic expression for the optimal bin width. There is always a deviation between the hypothesized distribution and the observed data (here simulation data). A GoF 264 test may reject the hypothesized distribution if it is unlikely to observe such data given hypothesized distribution, i.e.,
265
the deviation is significantly high. The term significantly high can be interpreted using critical values (c(α)) or p-value.
266
The K-S test accepts the hypothesized distribution if test statistics, maximum deviation between empirical cumulative 267 distribution function and the hypothesized cumulative distribution function (D-value), is less than the critical values (c(α)) 268 for a given significance level (α). A p-value is the conditional probability of experiencing an extreme or higher deviation 269 than the D-value on the condition that the data follows the hypothesized distribution. Similarly, the K-S test accepts the 270 hypothesized distribution if the obtained p-value is higher than the desired significance level (α), otherwise the K-S test 271 rejects the hypothesized distribution.
272
Comparing the p-values and the K-S statistics with the critical values presented in Table VII show that the t-distribution 273 is the best fit even for significance levels greater than 10% (probability level 90% = 1 − α). A low p-value (regarding the 274 significance level) indicates that under a hypothesized distribution, it is unlikely that we will observe a D-value equal or 275 higher than the observed value. The Logistic distribution is also acceptable at the 1% significance level. Therefore, the 276 t-distribution is selected. The estimated t-distribution parameters for different fault cases are shown in Table VIII is computed from the sensor measurements according to equation (9) . Realization for the FC1, as shown in Figure Figure 8 . The decision functions can be approximated using the Weibull distribution, as 299 presented in equation (23). The related estimated parameters are shown in Table IX . The corresponding probabilities of 300 detection and false alarm according to equations (25) and (24) are presented in Table X for the FC1 and FC4 levels. The estimated parameters for σ and ν at the FC0, FC1 and FC4 levels using the ME and MLE are depicted in Figure 9 .
314
The estimated characteristic parameters are suitably isolated for the cases FC0, FC1 and FC4. Although the estimation of 315 ν is poor, the detection algorithm provides robust detection. Poor estimate of ν occurs because of the correlation between 316 the data and the fact that ν determines the peakiness of the t-distribution, which is much more sensitive than the σ value 317 for a small data size. As an alternative approach, it is also possible to presume the ν value as its mean value depending on 318 the problem. For instance, in this case ν = 8 is a sound assumption. Hence, σ is the only value that needs to be estimated.
319
Therefore, the computational cost is reduced at the expense of a small degradation in the probabilities of detection and 320 failure.
321 Figure 9 . Estimated t-distribution parameters for FC0, FC1 and FC4
CONCLUSIONS
Owning to the fact that WTs undergo the highest downtime due to gearbox failures, and bearing degradation initiates 
